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Abstract:
Agricultural land use changed rapidly in Central and Eastern Europe following the collapse
of socialism. Cropland is arguably the most dynamic land use class, with cropland
abandonment typically exceeding cropland expansion. Yet to date there has been little
empirical evidence on the rates, patterns, and processes of cropland change for Central and
Eastern Europe. To remedy this, we integrated socioeconomic and environmental data and
employed exploratory statistics with predictive simulations to study the causes of past
changes, as well as to forecast future cropland development in Argeş County, Romania. In
a first step, we used spatially explicit logistic regressions to estimate the direction and
strength of the influences underlying factors that led to a change in the extent of cropland.
The regressions focused on the exogenous, underlying variables that foster land change,
allowed us to rank the importance of factors, and was used to test causal hypotheses of land
use change processes. In a second step, we calibrated artificial neural network models with
the statistically significant variables to predict the likely spatial arrangement of future
cropland change. Such pattern recognition techniques are computationally efficient tools
for forecasting locations that are most likely to undergo future cropland changes, given a
user-defined quantity of change. Both of the employed modeling approaches are commonly
used in land change science and we show an empirical example of how they complement
each other. The combination of exploratory and predictive findings are of particular
importance for understanding and dealing with complex processes in regions such as postsocialist countries, where empirical evidence on the local driving factors and possible
future developments is scarce,. The proposed multi-method modeling approach based on
the spatial analysis of integrated human-environment data allows the generation of causal
inferences that inform the development of land use change forecasts. We believe that
combining both approaches generates insights that are greater than the sum of their parts.
Keywords: spatial analysis; cropland dynamics; logistic regression; neural networks; postsocialist.
1.

Introduction

Large-scale land use changes were caused by the collapse of the socialist system in Central
and Eastern European countries, as well as in the Commonwealth of Independent States
(Peterson and Aunap, 1998; Bicik et al., 2001; Lerman et al., 2004). Since then,
agricultural land use change has been dominated by large-scale cropland and pasture
abandonment (Kuemmerle et al., 2006; Palang et al., 2006; Kuemmerle et al., forthcoming;
Müller and Munroe, forthcoming). This domination is attributed to a combination of several
underlying causes, such as the collapse of state support for agricultural production,
changing ownership structures, and the emergence of additional income opportunities, in
particular a new geographic mobility which led to massive emigration from rural areas.
While cropland abandonment has been the dominant land-use change, some areas have
experienced cropland expansion; this was particularly so in EU-accession countries that
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benefited from EU agricultural policies (Verburg et al., 2006). Until now, neither the
patterns of observed changes in agricultural land use, nor their impacts on the humanenvironmental system are well understood (MacDonald et al., 2000).
We studied changes in Romanian cropland structure using an integrated dataset that
contains remotely sensed land cover data, indicators derived from a socioeconomic census,
geobiophysical variables and accessibility measures. The driving factors that led to changes
in the extent of cropland were examined using logistic regression, and the statistically
significant driving factors were employed to forecast future cropland changes using
artificial neural network models. Combined, the modeling approach allowed us to draw
causal inferences based on exploratory statistical insights, which helped calibrate the
simulation models that yielded predictive evidence using statistical pattern recognition.
2.

Material and methods

2.1
Study area
Cropland dynamics were investigated in Argeş County, Romania, which is located on the
southern foothills of the Carpathian mountain range and which covers an area of 6,826km².
The county is shaped by a wide range of environmental conditions and has a mean annual
rainfall of 750mm and a mean annual temperature of seven degrees Celsius. Elevation and
rainfall are both higher to the north, while temperature is lower. The mountainous northern
part is characterized by rugged terrain and includes the foothills of the Carpathian mountain
range, as well as Romania’s highest mountain, the Moldoveanu Peak, 2,544m high. The
hilly midlands contain the county’s capital and major market center, Piteşti, which had
174,000 inhabitants in 2003 (NIS, 2004). Piteşti is linked to the country’s capital Bucharest
by Romania’s first highway, built in 1960. The southern part of Argeş County consists of a
plain between 100m and 150m above sea level. Most of the southern land in the Argeş
region is used as cropland (for more details about the study area, see Kuemmerle et al.,
forthcoming).
2.2
Data and data pre-processing
Landsat Thematic Mapper (TM) and Enhanced Thematic Mapper Plus (ETM+) images
with a spatial resolution of 30m were classified into three land-cover classes: forest,
cropland and grassland/shrubland. The data was then validated by means of field data and
expert knowledge (see Kuemmerle et al., forthcoming, for details of the classification). In
this paper, we focused on the time period between 1995 and 2005 in order to exclude the
immediate and rapid responses of land use agents to the fundamental changes in the
political system following the collapse of socialism. The cropland class has a producer
accuracy of 79% (71%) with a conditional Kappa of 0.78 (0.78) in 1995 (2005). We define
cropland abandonment as one if a pixel was covered by cropland in 1995, but not in 2005.
Cropland expansion takes the value of one for all cells that were not cropland in 1995, but
had been converted into cropland by 2005. Settlements, roads, bodies of water and rivers
were assumed to be constant over time and excluded from subsequent analyses.
Topographic data was derived from the Shuttle Radar Topographic Mission (SRTM), with
a spatial resolution of 90 meters. We calculated elevation, slope and terrain roughness (i.e.,
slope curvature) from this elevation model. The elevation data serves as a proxy for climate
variations and for soil data, as both variables are strongly correlated to the north-south
elevation gradient.
To capture the socioeconomic drivers of cropland change, we used census data provided by
the National Institute of Statistics of Romania for 1996 and 2003, which we aggregated to
the commune level. We merged this census data with the spatially-continuous raster data
based on the administrative boundaries of the communes. Commune population density and
the number of livestock in each commune were derived from this census. Further, we used
village-level population figures from our own census, which we conducted in all rural
communes of Argeş County. Spatially-explicit population density maps were created by
interpolating the village population data using inverse distance weighting.
Several measures captured the accessibility of each location: We used Euclidean distances
to four road categories, as well as the distance to each village center. The surrounding
area’s cropland density was included as an additional driver, and calculated in a 3x3 pixel
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neighborhood as the sum of pixels covered by cropland in 1995. All data were referenced to
UTM/WGS84 and re-sampled to a spatial resolution of 100 meters.
2.3
Methods
In the first step, we estimated spatially-explicit, reduced-form logistic regressions to extract
the direction and strength of the influences of underlying factors that led to a change in
cropland coverage. We estimated two logistic regressions, one for the abandonment of
cropland and one for cropland expansion from 1995 to 2005 as the dependent variables. On
the right-hand-side of the regressions, we used: topographic variables (elevation, slope, and
roughness), distance measures (Euclidean distances to several road categories and to
relatively built-up areas), the neighborhood structure of cropland and the interpolated
population density as spatially-continuous covariates. At the commune level, we included
population density, as well as the density of livestock, as covariates. All data was resampled to 100 x 100 meter grid cells and each cell represented one observation in the
regressions.
Both regressions followed identical sampling procedures. In the first step, a regular spatial
sample from the raster dataset was drawn using Besag’s coding scheme (Besag, 1974) to
avoid spatial autocorrelation in the dependent variable. We selected every fifth cell in both
a north-south and east-west direction. This left us with 24,790 observations, from which we
sampled all cells covered by cropland in 1995 for the abandonment equation, and all cells
not covered by cropland for the cropland expansion equation. In this way, we incorporated
the temporal dependence of the two processes on the state of cropland at the start of the
change period (e.g. cells not covered by cropland cannot become abandoned). Following
Maddala (1983), we then randomly selected 1,000 observations from the change class (i.e.,
abandonment or expansion) and from the pixels that did not undergo change. The logistic
regression models were estimated based on these 2,000 observations. No multi-collinearity
was detected in the resulting sample, as all the covariates’ pair-wise correlation coefficients
were below 0.7. The constant terms were adjusted to calculate the predicted probabilities
due to the unequal sampling rates (Maddala, 1983).
The variables that emerged from the logistic regression with an explanatory power above
an arbitrary significance threshold of 20% (p-values < 0.2) were fed into an artificial neural
network model (ANN), the Land Transformation Model (LTM, Pijanowski et al., 2005).
Again, two models were calibrated as the single output layers, one for cropland
abandonment and one for cropland expansion. The parameters estimated by the LTM
served to predict the likely spatial arrangement of future cropland dynamics. We used a
feed forward network with error backpropagation and a 3-layer structure of input, hidden,
and output layer. There is ample flexibility in the choice of the layers in neural network
estimations, yet we used 10 input layers for the abandonment model and 7 input layers for
the expansion model, as determined by the variables that were above the significance
threshold in the logistic regressions (see above). We used the same number of hidden and
input layers as suggested by Pijanowski et al., (2005).
The neural network was trained on every second cell in the county. For each simulation,
called a training cycle, we recorded the overall Kappa and the Percent Correct (PC), where
Kappa assesses the accuracy of the location, and PC describes the percent of all cells
correctly estimated as the proportion of the total number of cells. We stopped training the
network at 250,000 cycles. The network file that performed best was then applied to the
entire dataset to calculate a map of suitability values of change for each pixel (neural nets
do not create probabilities per se, see e.g. Pijanowski et al., 2005). The suitability values
were used to forecast changes in cropland, and high values were assumed to be more likely
during transition. To forecast changes, we varied the number of cells that were expected to
undergo change. To do this, we assumed that the yearly number of abandoned and
expanded cells will remain stable over time. This resulted in spatial patterns of likely future
changes.
3.

Logistic regression and neural network results

Results from the spatial logistic regressions showed that cropland change since the collapse
of socialism mirrored a distinct spatial variation that significantly contributed to reshaping
post-socialist rural landscapes in Argeş County. Results for cropland abandonment are
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shown in Table 1. For the subsequent analysis, significance levels are reported as p-values.
Abandonment was more likely at higher elevations, steeper slopes, and in rougher terrain.
Locations closer to European and national roads were less likely to undergo abandonment,
as were locations further away from villages. A spatially more homogeneous cropland
structure strongly reduced the likelihood of abandonment (large and highly significant
coefficient). Moreover, a higher population density, coupled with a lower livestock density
within a commune fostered abandonment.
Table 1. Significant underlying factors of cropland abandonment and expansion
Cropland abandonment
Cropland expansion
Coef.
Std. Err. p-value
Coef.
Std. Err. p-value
Elevation (100m)
-0.017
0.033
0.609
0.440
0.066
0.000
Slope (degrees)
0.179
0.030
0.000
-0.032
0.012
0.009
Roughness
0.002
0.005
0.742
0.030
0.011
0.005
Distance to European road
0.000
0.001
0.726
0.000
0.001
0.917
Distance to main road
0.005
0.002
0.001
-0.005
0.002
0.005
Distance to county road
-0.010
0.008
0.211
-0.010
0.005
0.036
Distance to built-up area (100m)
-0.029
0.009
0.002
-0.009
0.003
0.008
Neighboring cropland (3x3 window)
-0.296
0.037
0.000
0.521
0.044
0.000
Population (interpolated), 1996
0.006
0.005
0.209
-0.010
0.006
0.139
Population density (pp/sqkm), 1996
0.010
0.002
0.000
-0.006
0.002
0.004
Livestock unit density per sqkm, 1996
0.004
0.006
0.464
-0.016
0.007
0.017
Constant
0.292
0.462
0.527
0.326
0.284
0.251
Notes: Coefficients (Coef.), standard errors (Std.err.), and p-values below the 20%
significance level (p-values < 0.2) are reported in bold.
On the contrary, higher cropland expansion (Table 1, bottom) was expected at lower slopes,
closer to European and national roads and closer to all roads (including unpaved communal
roads). Cropland expansion was further associated with proximity to villages, high cropland
density, and lower population densities.
We assessed the goodness-of-fit of the logistic regressions using three statistics: the PC, the
area under the curve (AUC) of the receiver-operating characteristics (ROC), and Cohen’s
Kappa (Pontius, 2002). Given the small number of covariates in the model, the goodnessof-fit was moderate-to-good for abandonment (Table 2), with 71% of the pixels predicted
correctly. Yet the logistic regressions showed moderate-to-low fit for cropland expansion.
While the AUC was good, Kappa was especially unsatisfying for cropland expansion.
Hence, we may not have included the driving factors that shape the spatial location of the
expansion processes in our study area. We believe there are considerable stochastic
elements involved, particularly in cropland expansion and, looking at the observed
expansion map, we are unable to see spatial clusters. Therefore, we have low confidence in
the underlying factors derived by the logistic regressions, and subsequently expect low
accuracy results for the LTM predictions of cropland expansion. Nevertheless, we
continued to account for both processes in order to be able to generate countywide forecasts
of cropland changes.
Table 2. Accuracy assessment of the spatial logistic model and ANN results for
abandonment and expansion (1995-2005).
We trained the neural
network for both
Model
PC
Kappa
AUC
change
processes
with 250,000 cycles
Logistic
71.3%
0.43
0.882
Abandonment
and achieved the
ANN
63.1%
0.56
highest
accuracy
Logistic
59.2%
0.05
0.834
according to PC and
Expansion
ANN
34.8%
0.30
Kappa for cropland
expansion at cycle
250,000 and for cropland abandonment at cycle 100,000 (Table 2). For cropland
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abandonment, both the PC and Kappa showed moderate fit, with 63% and 0.56%,
respectively, predicted correctly. As expected, the simulation results were not satisfactory
for cropland expansion with PC equaling 35% and a Kappa of 0.3. It also needs to be
considered that all cells, including the ones used for training, have been included in
calculating these assessment results.
The neural networks’ output indicated how likely it was for a cell to transition out of
cropland (abandonment) or to be converted to cropland (cropland expansion). Figure 2
shows the spatial patterns of likelihood for cropland abandonment on the left by using the
‘best’ cycle. The likelihood for abandonment was particularly high in the hilly areas of
Argeş (middle area in Figure 2). A lower likelihood, but one which still affects a substantial
number of pixels, appears in the lowland areas. For cropland expansion (Figure 2, right) the
picture differed and the highest likelihood values for expansion were found around the
valleys of the hilly area. There, large tracts of land are not yet used as cropland (as in the
South) and are more suitable for cropland production than the remote areas in the northern
mountains, where the likelihood for expansion is close to zero. Little expansion is expected
in the southern part of the county, where most cells were already used as cropland and in
the Northern parts.
Figure 2. Spatial patterns of
likelihood for cropland
abandonment (left) and
cropland expansion (right);
darker colors indicate higher
likelihoods.
Next, we used the neural
network patterns from the
cycle with the highest
accuracy to forecast the likely
spatial arrangement of future
cropland
change.
The
calculation of the forecasts
was based on the observed
change between 1995 and
2005, and this trend is
expected to continue in the
future.
Forecasts
were
calculated based on past
patterns and also on using twice (Forecast 1) and four times (Forecast 2), respectively, the
number of cells that changed during the calibration period of 1995-2005. The forecasts of
abandonment depicted the largest number of future change in the middle, hilly area of
Arges County (see Figure 3 below). The southern plains were less likely to be abandoned,
while cropland expansion was concentrated on the hilly areas (see Figure 3). Abandonment
is expected to start in central Argeş County, and from there proceed to the south of the
study area (see fig. 3). While in forecast 1, the areas with higher slopes will be abandoned,
in forecast 2, the southern plains are also likely to be abandoned. Moreover, abandonment
follows the major European roads that cross Argeş County from the southeast to the
northwest and from the southwest to the northeast. Cropland expansion was concentrated in
the hilly areas in both periods. Forecast 1 shows that non-cropland pixels which were
adjacent to existing cropland are more likely to convert to cropland. In forecast 2, we see
additional potential for cropland expansion in more remote areas of northern Argeş County.
4.

4.1

Discussion: From
developments

retrospective

causal

analysis

towards

future

Advantages and disadvantages of the coupled modeling approach

The spatial logistic model focused on exogenous, underlying variables that determine land
change. Such models are valuable for ranking the importance of factors and testing
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hypotheses about the underlying processes of land change (Munroe and Müller, 2007), and
thus provide a means for retrospective causal analysis. The knowledge gained from the
exploratory spatial statistics helped us determine the calibration of the neural networks
which relied on a similar statistical technique, i.e., logistic regression. Variables that turned
out to be significant in the logistic regressions were therefore expected to have a bearing on
the outcome of interest.
Yet the inclusion of insignificant variables should not affect the results of the neural
network to a considerable extent. One important advantage of neural networks is the datadriven approach, based on machine learning. This approach enables modeling across space,
time, and datasets; hence, the networks are a generalization tool that are not constrained by
the requirement of considering incorrect sampling, multicollinearity between variables,
spatial or temporal autocorrelation, or the insignificance of single variables (Bishop, 1995).
This is an obvious advantage for integrated land use modeling of coupled humanenvironment systems, which necessitate a large number of different data, often from
different sources and of varying quality.
However, neural networks also have some drawbacks, most of which are related to their
data-driven approach. Neural networks do not require a priori knowledge about underlying
processes; on the contrary, they are designed to recognize patterns that result from such
processes. However, this requires a considerable amount of computing time, which is a
limiting factor for analyses that require large amounts of data and myriads of potentially
influencing factors, as is often the case in land change research. Apart from that, in almost
every LUCC study, a priori top-down knowledge is prevalent; hence, the benefit of the
neural networks’ data-driven approach is less important. This is particularly so because it is
the knowledge of the processes, not of the resulting patterns, which modelers and decisionmakers are aiming for. This black-box approach assumes that the user does not know how
the data is processed in detail, nor is the weighting of the included driving factors
accessible. In this study, we address this issue by selecting the statistically most significant
underlying factors by using the spatial logistic model. Furthermore, dynamics in processes
and underlying factors in the coupled human-environment system are not explicitly
integrated in the modeling approach. For example, in rapidly changing areas the neglected
dynamics of population migration might result in misleading future development
trajectories. Here, we tried to avoid processes dominated by the transformation phase from
1990 to 1995 by calibrating the models with the subsequent time period, which we expect
to be more representative for likely future developments. A further extension, the artificial
neural network, is not able to learn from evidence which contains previously un-introduced
variables without a new network being created and trained, such as is the case with
Bayesian networks (Aalders and Aitkenhead, 2006).
Hence, the coupling of the two modeling techniques – logistic regression and neural
networks – addressed two issues of concern for land-change scientists: the exploration of
underlying causes and the forecasting of likely future developments. Moreover, the
selection of input variables for the neural networks was based on empirical grounds. This
reduced the time required for training and testing the networks, which is a considerable
advantage when dealing with large data sets.
4.2

Need for an integrated human-environmental system approach

Studying cropland dynamics requires an integrated approach that explicitly addresses the
coupled human-environment system of land use (Turner II et al., 2007). Changes in the
extent of cropland are important for understanding the impacts of these changes on the
multifunctional nature of agricultural production (OECD, 2001). Cropland dynamics also
mirror large-scale socioeconomic alterations such as migration or changing economic
opportunities that are reflected in the landscape (Müller and Munroe, forthcoming).
The two modeling techniques employed here allowed us to integrate various types of
economical, social, and ecological data. The results of the spatial logistic regressions
revealed retrospective causal influences on land-use decisions regarding cropland usage.
The neural networks allowed us to use this information to predict likely future cropland
changes for each location in the entire county. Taken together, these spatial insights may
prove more useful for decision-makers than would a single-method approach (see Fig. 3).
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Abandonment

Expansion

Legend

Abandonment:
1995-2005
Abandonment:
forecast 1
Abandonment:
forecast 2
Expansion:
1995-2005
Expansion:
forecast 1
Expansion:
forecast 2
Arges county

Figure 3. Observed and forecasted spatial patterns of cropland abandonment (left) and
expansion (right)
However, there are several drawbacks that both models have in common when striving for
an integrated model. One major limit is that they are not able to explicitly model the
feedbacks between variables which should be an inherent characteristic of integrated
modeling techniques of complex human-environment systems. The integrated approach of
the complex human-environment land use system is only rarely pictured in the modeling
techniques. Temporal changes of the influencing factors are not incorporated within both
modeling approach. Yet, more holistic modeling approaches often require much more
complex computational approaches and are more data-demanding. We believe our ad-hoc
integration of models yielded exploratory and predictive findings that are important to
understand and deal with processes in regions where empirical evidence on the local
driving factors and possible future developments is scarce, such as in the case of most postsocialist countries. Several extensions are possible, such as a larger extent of the area to
have a greater variety and exploit the computational advantages of the modeling
techniques. One major benefit would the inclusion of external information about future land
use demand was available to produce more realistic forecasts of future spatial patterns
(Castella and Verburg, 2007).
5

Conclusions and outlook

Our approach of coupling two modeling techniques combined the benefits inherent in
explorative statistics with the advantages of pattern recognition. This proposed multimethod modeling approach allowed us to generate causal inferences and to develop land
use change scenarios that can offer new insights for decision-making support. The
integrated spatial analysis of socioeconomic and environmental data may support spatial
planning, environmental monitoring, and biodiversity conservation efforts to areas that are
under the most eminent threat of land change. This is important because agricultural
extensification and cropland abandonment are expected to be the largest land-use changes
in the enlarged European Union, particularly in marginal areas (Verburg et al., 2006).
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